Unlike annuals, all perennial plants undergo seasonal transitions during ontogeny. As an adaptive response to seasonal changes in climate, the seasonal pattern of growth is likely to be under genetic control, although its underlying genetic basis remains unknown. Here, we develop a computational model that can map specific quantitative trait loci (QTLs) responsible for seasonal transitions of growth in perennials. The model is founded on functional mapping, a statistical framework to map developmental dynamics, which is reformed to integrate a seasonally adjusted growth function. The new model is equipped with a capacity to characterize the genetic effects of QTLs on seasonal alternation at different ages and then to better elucidate the genetic architecture of development. The model is implemented with a series of testing procedures, including (i) how a QTL controls an overall ontogenetic growth curve, (ii) how the QTL determines seasonal trajectories of growth within years and (iii) how it determines the dynamic nature of age-specific season response. The model was validated through computer simulation. The extension of season adjustment to other types of biological curves is statistically straightforward, facilitating a wider variety of genetic studies into ontogenetic growth and development in perennial plants.
INTRODUCTION
In nature, the growth of any organism is expected to arise as a curve. Depending on the shape of a curve, a variety of mathematical equations, such as power function, Weibull function, Chapman-Richards function, Schumacher function and logistic function, have been derived to describe the relationship between the age of an organism and its size [1] [2] [3] [4] . From fundamental principles underlying how metabolic energy is allocated between maintenance of existing tissue and the production of new biomass, West etal. [5] derived a general quantitative model to explain the logistic universality of ontogenetic growth. By choosing an optimal equation, developmental trajectories of the organism in a time course can be quantified and predicted [5, 6] . However, many of these equations can only capture a general tendency of growth process, with a limited adaption to some fine-scaled developmental processes, such as periodical fluctuations of phased development resulting from seasonal change, for perennial plants.
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It has been widely observed that there are strong seasonal effects on the growth of perennial plants because of seasonally varying availability of water, light and nutrients and suitable temperatures [7] [8] [9] [10] . The organism responds to seasonal changes in a way from spring flush, the continuing growth in the summer and a growth cessation in the autumn or winter, the pattern of which is S-shaped and is yearto-year repetitive [7] . Effects of seasonal changes that contribute to the total phenotypic variance of growth are not randomized and should be distinguished [11] . Given widespread genetic variation in growth process, an issue arises naturally about whether there are specific genes or quantitative trait loci (QTL) involved in seasonal variability. The way of identifying these underlying QTLs from molecular markers is one of the major challenges in genetic mapping studies, lacking an indepth exploration.
In the past decades, there have been tremendous developments in integrating mathematical aspects of growth curves into QTL mapping, allowing the dynamic QTLs to be characterized and mapped. This integration, named functional mapping, has been shown to be biologically more relevant [12] [13] [14] [15] . First, its QTL identification is founded on biological principles that drive ontogenetic growth, in a sharp contrast to traditional mapping strategies focusing on single static measures of growth processes. Second, functional mapping articulates hypothesis tests about the interplay between genes and development, facilitating the interpretation of when a gene turns on and turns off and how long it is expressed in a time course [16] . Third, functional mapping is flexible to dissect many ubiquitous phenomena of biological importance, such as allometric scaling [17, 18] , genotype-environment interactions [19] and developmental integration [20] . Despite its advantages, however, functional mapping has not been incorporated by the response of growth to distinct seasons, and a rigorous hypothesis framework to test seasonal effects has not been established. All this has largely obstructed the use of functional mapping to study the quantitative genetic signature of growth in perennial plants.
In this article, we describe a statistical model for mapping QTLs that affect ontogenetic growth of perennial plants and its seasonally patterned growth features. We first adjust a logistic equation used to specify the mean growth process during ontogeny by incorporating the seasonal pattern of growth. Then we integrate the adjusted equation into functional mapping, which can not only model the dynamic nature of genetic control in a time course but also estimate the genetic effect of a QTL on season response. A series of hypothesis tests are formulated to address various biologically meaningful questions about the developmental mechanisms of genetic control in perennial plants. We performed computer simulation to validate the effectiveness of the new model. The framework of functional mapping implemented by season adjustment provides a new tool to shed light on the biological relevance of growth and developmental process.
MODEL Seasonal pattern of growth process
The original functional mapping model integrates a simple logistic function into QTL mapping to study genetic variation in growth trajectories. For a perennial plant, the growth of an organism in year t can be expressed as
where three parameters a, b and r, each with a different mean, determine the shape of growth curve jointly: a is the asymptotic growth, b describes the initial growth and r is the relative growth rate. As described in the Introduction, other forms of growth equations, such as power function, Weibull function, Chapman-Richards function or Schumacher function, can be similarly used, depending on the actual data collected. For a perennial plant, which grows for many years, its growth is seasonally and periodically fluctuated. The seasonal pattern of growth can be described by polynomials, quadratic [7, 8, 21] or Fourier series [9] . A Fourier series approximation used to specify the periodicity of seasonal growth is expressed as
where K is the number of superposition of sinusoidal components, indicating different periodical frequencies, 1 year, 6 months, 3 months, etc; g k is a coefficient determining the amplitude of season response; f k is the annual time point when growth stops; and t is the age of perennial trees expressed in years from a given reference date (e.g. if trees are 3 months old, t can be valued 0.25; if 18 months old, t should be 1.5). In general, instead of actual time, we use a transformed t Ã , which is expressed as
where t is the time point of measurement, and m is the number of measurements in each year, assuming that growth is measured at even-spaced time intervals, with the same measurement schedule for all individuals. Kimberley and Richardson [9] proposed three methods to incorporate the seasonal effect into growth functions, i.e. the time scale seasonal adjustment, the additive size scale seasonal adjustment and the multiplicative size scale seasonal adjustment, expressed, respectively, as
Equation (5) only integrates a constant annual season amplitude to the growth function, whereas Equation (6) provides an increasing season response with the ongoing years. Obviously, these two equations require some assumption about seasonal response.
On the other hand, Equation (4) has an advantage of varying amplitudes for different growth phases ( Figure 1 ). For a practical growth data, therefore, Equation (4) is in a better position to be implemented into growth Equation (1), assuring that growth is monotonically increasing. By using seasonally adjusted ages, the amplitude at the biologically important inflection point is maximized, where the exponential growth ends and the asymptote growth starts. When the asymptotic growth approaches, the seasonal amplitude reduces. As a result, the final season-adjusted logistic growth curve can be denoted by
where the number of sinusoidal components is assumed as K ¼ 1. This assumption is reasonable if growth has an annual seasonal cycle. Figure 1b shows how the seasonal effect is integrated into the logistic growth. If the measurement of phenotype was taken monthly, t Ã ¼ t/12.
Functional mapping
Suppose there is a mapping population for a perennial plant. Because many perennials, like forest trees, have no homozygous inbred lines, their mapping population can be a full-sib family derived from the cross of two outcrossing parents [22] . Unlike a backcross or F 2 population initiated with two inbred lines, such a full-sib family contains many types of markers that are segregating with different patterns, i.e. testcross markers at which one parent is heterozygous but the other is homozygous, and intercross markers at which both parents are heterozygous [23] .
For the intercross markers with three or four different alleles over the two parents, there are four different genotypes, whereas those with two alleles can only produce three genotypes. Statistical models for linkage analysis between different marker types in a full-sib family have been extensively developed in the literature [23, 24] . Using a joint genetic linkage map constructed from different types of markers, Lin et al. [25] and Tong et al. [26, 27] presented a model selection procedure that allows QTLs to be mapped in a full-sib family.
In this study, we developed the new model by considering testcross QTLs that are mapped using testcross markers. All n individuals in the full-sib family are measured for a growth trait at a series of time points within each of multiple years during ontogeny. We assume that all individuals receive the same schedule of measurement at even-spaced time intervals. Let T denote the cumulative number of time points over all years. Given that progenies in the mapping population are independent of each other, the likelihood function with T-dimensional measurements can be represented by the following mixture model:
where : is a vector of unknown parameters;
) is a vector of phenotypic values for individual i measured at T time points; p jji is the mixture proportion expressed as the prior conditional probability of a QTL genotype j (j ¼ 1 for QQ, 2 for Qq), given the marker genotype of individual i. The probability with which j takes 1 or 2 depends on the type of flanking markers of a potential QTL position, and can be calculated in terms of the recombination fractions between the markers and QTL [28] . For each genotype, the longitudinal phenotype of a growth trait at different time points follows a multivariate normal distribution, which can be written as
where l j is the mean vector for QTL genotype j; S is the residual variance-covariance matrix of phenotypes measured at different months and is assumed to be identical for all QTL genotypes. Functional mapping models l j by a mathematical equation. In this study, l j is modeled by the seasonal logistic growth curve (7), expressed as 
Because of its autocorrelative structure, S can be modeled by autoregressive processes. Here, we assume that residuals are independent from year to year, so that S is a diagonal matrix, in which time-dependent variance-covariance within years is modeled by a first-order structured antedependence [SAD (1)] process [29] , with variance and covariance being expressed, respectively, as
It should be noted that SAD (1) can be extended to include covariances among years, so it is not needed to assume year-independent residuals. Combining Equations (10)- (12), the likelihood (8) contains a vector of unknown parameters,
Next, a procedure is given to obtain the maximum likelihood estimates (MLEs) of these parameters.
Parameter estimation
Because it is difficult to derive a closed form of genotype-specific parameters, a hybrid and integrative algorithm of Nelder-Mead Simplex and the quasiNewton method that does not depend on explicit equations was implemented [30, 31] . The Nelder-Mead searches the optimal estimates of seasonal parameters g, f, as well as the variance-covariance structuring parameters F, v 2 , while the quasi-Newton method provides a quick and precise approach for a, b, r parameters that determines the outline of growth curves. A computation depth was improved to avoid the local solutions of parameters. When searching for a putative QTL along the linkage map, 30 sets of randomized initial values were taken for analyzing each scanned point. For each point, the parameters that provide a maximized loglikelihood were identified as the final estimates.
Hypothesis tests
After the MLEs of all parameters are obtained, it is necessary to test whether the QTL detected is significant to control growth curve. The following hypotheses can be implemented on the basis of season-adjusted growth function.
First, the hypothesis about the existence of a QTL regulating overall ontogenetic growth curve can be formulated as
H 1 : at least one of the equations above does not hold: In fact, the H 0 corresponds to a single seasonadjusted curve, which resulted in a reduced model. If the H 1 is true, it means that there exist two distinct season-adjusted growth curves to fit observed phenotypic values. The test statistic for this hypothesis is calculated as the log-likelihood ratio (LR) of the H 1 over H 0 . The critical value for detecting the existence of QTL along the entire genome can be determined from permutation tests [32] .
Second, the hypothesis that the QTL detected affects the ontogenetic growth curve, which involves exponential and asymptotic stages, is expressed as
H 1 : at least one of the equations above does not hold:
Third, for a QTL, if growth parameters a, b and r are totally the same among different genotypes, the discordance of growth trajectories could be because of different behaviors of season response. Thus, the hypothesis test can be performed on the season growth pattern, written as
at least one of the equations above does not hold:
ð15Þ
If different genotypes for a putative QTL have different combinations of parameters g and f, this implies that the QTL plays a significant role in regulating season response.
Fourth, to test whether the QTL affects relative growth rate, a first-order derivation equation can be derived from Equation (7), which can be expressed as
The null hypothesis can be formulated as follows:
The rejection of (17) indicates that the QTL has a significant effect on relative growth rate during the ontogeny of perennial plants.
The test statistics for the aforementioned hypotheses, (14) , (15) and (17) , are also calculated as the LR. Because these tests are based on significant QTLs detected, they have no issue of irregularity violation as occurring for hypothesis test (13) . For this reason, the LRs related to tests (14) , (15) and (17) can be viewed as being asymptotically chi-square distributed, with the degrees of freedom 3, 2 and 1, respectively, which equal the differences of the parameter number between the full (H 1 ) and reduced model (H 0 ).
MODELVALIDATION
To evaluate the performance of this newly proposed model, we simulated a testcross population with two genotypes at each locus, comprising two parts of data: marker information and phenotypic values. A total of 11 markers were simulated to be equidistant distributed on a 100 cm long linkage group. A QTL of two genotypes QQ and Qq was assumed at 36 cm from the first marker of the linkage group, a position in the interval of marker 4 and marker 5. A total of 60 time points, consisting 5 years and 12 time points within each year, are considered. The mean vector for each genotype, composed of genotypic means at different time points, is fit by a set of QTL genotype-specific parameters, using the transformed t Ã and growth curve function (7). Thus, we generated a phenotypic matrix where T equals 60, and n is the number of progeny in the mapping population. Time-dependent phenotypic values at a series of 60 time points are assumed to follow a multivariate normal distribution, with two sets of mean vectors, allowing the covariance structure. Nine different simulation scenarios were performed under three different sample sizes (n ¼ 200, 400, 600), each with three different heritabilities (H 2 ¼ 0.05, 0.1, 0.2). By scanning the whole linkage group at each cm interval, the model provides the MLEs of the QTL position, parameters that model growth curves and parameters that model the covariance structure. LR profiles for hypothesis (13) with different simulation scenarios were drawn (Figure 2) , with the peak value detected approximately at a location of 36 cm. Table 1 gives the MLEs of the QTL location and curve-modeling parameters under nine simulation scenarios. In general, curve parameters can be well estimated, with precision increasing with sample size and heritability level. Figure 3 illustrates the shape of estimated growth curves, in a comparison with that of true growth curves, under different simulation scenarios of different sample sizes and heritabilities. It can be seen from the figure that, to precisely estimate these parameters, a sample size of 400 is suggested, when heritability is 0.1.
After the QTL is found to be significant, we test hypotheses (14) and (15), which can gain new insight into the genetic basis of growth variation. These two hypotheses can discern whether the phenotype is regulated by the QTL at the level of ontogenetic growth, or at the level of season response within years, or at both levels. Table 2 tabulates the power of detecting a significant QTL for overall ontogenetic growth and seasonal fluctuations. When the heritability is small (e.g. H 2 ¼ 0.05), a small mapping population would lead to lower power of QTL detection, particularly for seasonal fluctuations. But when sample size or heritability increases, the detection of ontogenetic QTLs and seasonal QTLs almost achieves full power. The false discovery rates (FDR) were also estimated through simulating and analyzing the data that contain no ontogenetic QTL and seasonal QTL, respectively. It was found that FDR are reasonably low (<0.06), suggesting that the model has an acceptable type II error.
DISCUSSION
In nature, season alternation leads to varying availability of water, photoperiod, temperature and nutrient supply, thus affecting energy balance and physiology processes of the organism [33] . There is an ample body of evidence that biological growth, e.g. height and diameter growth in forest trees, as well as energy allocation to growth and reproduction, has a marked seasonal pattern [7, 34] . However, despite their importance for our understanding of the evolution of ontogenetic growth, the genetic mechanisms behind such a seasonal pattern have not been systematically explored. In this article, we have for the first time developed a computational model for mapping specific QTLs that regulate seasonal patterns for perennial plants.
The new model integrates a seasonally fluctuated growth curve into a framework of functional mapping, derived to map dynamic QTLs for growth trajectories [12] [13] [14] [15] . Ontogenetic growth trajectories that span multiple years can be described by connecting growth curves within each year. Brown et al. [35] presented a B-spline method that can connect multiple longitudinal variables using a low degree of polynomials. However, a smooth curve connection for any two adjacent years (knots) needs more regression coefficients. A season-integrated logistic curve derived by several authors [7] [8] [9] 21] can circumvent this limitation, allowing the detailed growth of perennials to be modeled.
The new functional mapping model incorporated by a season-integrated growth curve is characterized by several features. First, it can not only map and detect QTLs for ontogenetic growth but also estimate the influence of the QTLs detected on the seasonal pattern of growth. Seasonal fluctuations, traditionally considered as an environment disturbance, may be under genetic control. The new model possesses a capacity to unravel the genetic basis of this phenomenon. By implementing measurements of seasonal growth, ontogenetic growth curves can be fit with better precision. Second, the model allows us to test how a QTL determines the time point at which growth rate or growth acceleration maximizes. This can be done by obtaining the firstorder and second-order derivative of growth curve, respectively (Figure 4b and c) . Third, it is interesting to investigate how an ontogenetic QTL affects seasonal transition for perennials. Now, this question can be addressed by our new model that tests the pleiotropic control of the QTL on (a, b, r) and (g, f) in growth Equation (7) . To obtain the simultaneous estimation of yearly growth-dependent and seasonal fluctuation-dependent parameters, the number of years and the number of repeated measurements between years should be greater than the number of these two types of parameters, respectively. As shown in previous studies [14, 15] , the adequate condition of estimation is that the number of repeated measurements should be greater, at least by one, than that of parameters to be estimated.
The model presented in this article is a first one that can systematically map perennial QTLs. In modeling the longitudinal covariance matrix, we simply implemented an autoregressive process, which may not reflect the complexity of reality. More sophisticated processes, like SAD [29] , should be deployed to better describe both patterns of variance between years and within years. From biological perspectives, its extensions to map epistatic interactions and gene-environment interactions on the seasonal pattern of growth are crucial, although straightforward. Other genetic components, such as genomic imprinting or epigenetic modifications, can also be incorporated into our model, providing a more comprehensive set of genetic factors to understand growth curves [36] . By dissecting seasonal patterns into responses to discrete environmental cues, such as day length (photoperiod) and winter temperatures (vernalization) [37] , the new model can be modified to characterize the genetic architecture of growth in response to specific environmental cues. The subsequent study should link genetic variation with genetic pathways that promote growth in response to these cues, in an attempt to better define the genetic and regulatory mechanisms that enable perennial plants to recognize winter, spring and autumn to initiate their growth and development.
Key Points
Perennial plants should experience precisely controlled seasonal patterns in growth and development. The question of how genes control the seasonal pattern of growth for these organisms is poorly understood. We describe and assess a modified model for functional mapping to map and characterize QTL for ontogenetic growth curves and their responses to seasonal cues. Figure 4 : Illustration of growth curve (a), growth rate curve (b) and growth acceleration (c). Growth rate curve and growth acceleration curve were obtained from the first-order and second-order derivative of growth curve, respectively. Curves represent two different genotypes at the QTL. Points on the curves in (a) are the time points of maximum growth rate for different QTL genotypes, at which growth acceleration equals zero.
